Automatic scoring of short text responses to educational assessment items is a challenging task, particularly because large amounts of labeled data (i.e., human-scored responses) may or may not be available due to the variety of possible questions and topics. As such, it seems desirable to integrate various approaches, making use of model answers from experts (e.g., to give higher scores to responses that are similar), prescored student responses (e.g., to learn direct associations between particular phrases and scores), etc. Here, we describe a system that uses stacking (Wolpert, 1992) and domain adaptation (Daume III, 2007) to achieve this aim, allowing us to integrate item-specific n-gram features and more general text similarity measures (Heilman and Madnani, 2012) . We report encouraging results from the Joint Student Response Analysis and 8th Recognizing Textual Entailment Challenge.
Introduction
In this paper, we address the problem of automatically scoring short text responses to educational assessment items for measuring content knowledge.
Many approaches can be and have been taken to this problem-e.g., Leacock and Chodorow (2003) , Nielsen et al. (2008) , inter alia. The effectiveness of any particular approach likely depends on the the availability of data (among other factors). For example, if thousands of prescored responses are avail-able, then a simple classifier using n-gram features may suffice. However, if only model answers (i.e., reference answers) or rubrics are available, more general semantic similarity measures (or even rulebased approaches) would be more effective.
It seems likely that, in many cases, there will be model answers as well as a modest number of prescored responses available, as was the case for the Joint Student Response Analysis and 8th Recognizing Textual Entailment Challenge ( §2). Therefore, we desire to incorporate both task-specific features, such as n-grams, as well as more general features such as the semantic similarity of the response to model answers.
We also observe that some features may themselves require machine learning or tuning on data from the domain, in addition to any machine learning required for the overall system.
In this paper, we describe a machine learning approach to short answer scoring that allows us to incorporate both item-specific and general features by using the domain adaptation technique of Daume III (2007) . In addition, the approach employs stacking (Wolpert, 1992) to support the integration of components that require tuning or machine learning.
Task Overview
In this section, we describe the task to which we applied our system: the Joint Student Response Analysis and 8th Recognizing Textual Entailment Challenge (Dzikovska et al., 2013) , which was task 7 at SemEval 2013.
The aim of the task is to classify student responses to assessment items from two datasets represent-ing different science domains: the Beetle dataset, which pertains to basic electricity and electronics (Dzikovska et al., 2010) , and the Science Entailments corpus (SciEntsBank) (Nielsen et al., 2008) , which covers a wider range of scientific topics.
Responses were organized into five categories: correct, partially correct, contradictory, irrelevant, and non-domain. The SciEntsBank responses were converted to this format as described by Dzikovska et al. (2012) .
The Beetle training data had about 4,000 student answers to 47 questions. The SciEntsBank training data had about 5,000 prescored student answers to 135 questions from 12 domains (different learning modules). For each item, one or more model responses were provided by the task organizers.
There were three different evaluation scenarios: "unseen answers", for scoring new answers to items represented in the training data; "unseen questions", for scoring answers to new items from domains represented in the training data; and "unseen domains", for scoring answers to items from new domains (only for SciEntsBank since Beetle focused on a single domain).
Performance was evaluated using accuracy, macro-average F 1 scores, and weighted average F 1 scores.
For additional details, see the task description paper (Dzikovska et al., 2013) .
System Details
In this section, we describe the short answer scoring system we developed, and the variations of it that comprise our submissions to task 7. We begin by describing our statistical modeling approach. Thereafter, we describe the features used by the model ( §3.1), including the PERP feature that relies on stacking (Wolpert, 1992) , and then the domain adaptation technique we used ( §3.2).
Our system is a logistic regression model with C ∈ 10 {−3,−2,...,3} ). During development, we evaluated performance using 10-fold cross-validation, with the 5-fold crossvalidation grid search still used for tuning within each training partition (i.e., each set of 9 folds used for training during cross-validation).
Features
Our full system includes the following features.
Baseline Features
It includes all of the baseline features generated with the code provided by the task organizers. 2 There are four types of lexically-driven text similarity measures, and each is computed by comparing the learner response to both the expected answer(s) and the question, resulting in eight features in total. They are described more fully by Dzikovska et al. (2012) .
Intercept Feature
The system includes an intercept feature that is always equal to one, which, in combination with the domain adaptation technique described in §3.2, allows the system to model the a priori distribution over classes for each domain and item. Having these explicit intercept features effectively saves the learning algorithm from having to use other features to encode the distribution over classes.
Word and Character n-gram Features
The system includes binary indicator features for the following types of n-grams:
• lowercased word n-grams in the response text for n ∈ {1, 2, 3}.
• lowercased word n-grams in the response text for n ∈ {4, 5, . . . , 11}, grouped into 10,000 bins by hashing and using a modulo operation (i.e., the "hashing trick") (Weinberger et al., 2009 ).
• lowercased character n-grams in the response text for n ∈ {5, 6, 7, 8}
Text Similarity Features
The system includes the following text similarity features that compare the student response either to a) the reference answers for the appropriate item, or b) the student answers in the training set that are labeled "correct".
• the maximum of the smoothed, uncased BLEU (Papineni et al., 2002) scores obtained by comparing the student response to each correct reference answer. We also include the word n-gram precision and recall values for n ∈ {1, 2, 3, 4} for the maximally similar reference answer.
• the maximum of the smoothed, uncased BLEU scores obtained by comparing the student response to each correct training set student answer. We also include the word n-gram precision and recall values for n ∈ {1, 2, 3, 4} for the maximally similar student answer.
• the maximum PERP (Heilman and Madnani, 2012) score obtained by comparing the student response to the correct reference answers.
• the maximum PERP score obtained by comparing the student response to the correct student answers.
PERP is an edit-based approach to text similarity. It computes the similarity of sentence pairs by finding sequences of edit operations (e.g., insertions, deletions, substitutions, and shifts) that convert one sentence in a pair to the other. Then, using various features of the edits and weights for those features learned from labeled sentence pairs, it assigns a similarity score. Heilman and Madnani (2012) provide a detailed description of the original PERP system. In addition, Heilman and Madnani (To Appear) describe some minor modifications to PERP used in this work.
To estimate weights for PERP's edit features, we need labeled sentence pairs. First, we describe how these labeled sentence pairs are generated from the task data, and then we describe the stacking approach used to avoid training PERP on the same data it will compute features for.
For the reference answer PERP feature, we use the Cartesian product of the set of correct reference answers ("good" or "best" for Beetle) and the set of student answers, using 1 as the similarity score (i.e., the label for training PERP) for pairs where the student answer is labeled "correct" and 0 for all others. For the student answer PERP feature, we use the Cartesian product of the set of correct student answers and the set of all student answers, using 1 as the similarity score for pairs where both student answers are labeled "correct" and 0 for all others. 3 We use 10 iterations for training PERP.
In order to avoid training PERP on the same responses it will compute features for, we use 10-fold stacking (Wolpert, 1992) . In this process, the training data are split up into ten folds. To compute the PERP features for the instances in each fold, PERP is trained on the other nine folds. After all 10 iterations, there are PERP features for every example in the training set. This process is similar to 10-fold cross-validation.
Domain Adaptation
The system uses the domain adaptation technique from Daume III (2007) to support generalization across items and domains.
Instead of having a single weight for each feature, following Daume III (2007) , the system has multiple copies with potentially different weights: a generic copy, a domain-specific copy, and an item-specific copy. For an answer to an unseen item (i.e., question) from a new domain in the test set, only the generic feature will be active. In contrast, for an answer to an item represented in the training data, the generic, domain-specific, and item-specific copies of the feature would be active and contribute to the score.
For our submissions, this feature copying approach was not used for the baseline features ( §3.1.1) or the BLEU and PERP text similarity features ( §3.1.4), which are less item-specific. Those features had only general copies. We did not test whether doing so would affect performance. Table 1 : Weighted average F 1 scores for 5-way classification for our SemEval 2013 task 7 submissions, along with the maximum and mean performance, for comparison. "A" = unseen answers, "Q" = unseen questions, "D" = unseen domains (see §2 for details). Results that were the maximum score among submissions for part of the task are in bold.
Submissions
We submitted three variations of the system. For each variation, a separate model was trained for Beetle and for SciEntsBank.
• Run 1: This run included the baseline ( §3.1.1), intercept ( §3.1.2), and the text-similarity features ( §3.1.4) that compare student responses to reference answers (but not those that compare to scored student responses in the training set).
• Run 2: This run included the baseline ( §3.1.1), intercept ( §3.1.2), and n-gram features ( §3.1.3).
• Run 3: This run included all features. Table 1 presents the weighted averages of F 1 scores across the five categories for the 5-way subtask, for each dataset and scenario. The maximum and mean scores of all the submissions are included for comparison. These results were provided to us by the task organizers. For conciseness, we do not include accuracy or macro-average F 1 scores here. We observed that, in general, the results from different evaluation metrics were very similar to each other. We refer the reader to the task description paper (Dzikovska et al., 2013) for a full report of the task results.
Results
Interestingly, the differences in performance between the unseen answers task and the other tasks was somewhat larger for the SciEntsBank dataset than for the Beetle dataset. We speculate that this result is because the SciEntsBank data covered a more diverse set of topics.
Note that Runs 1 and 2 use subsets of the features from the full system (Run 3). While Runs 1 and 2 are not directly comparable to each other, Runs 1 and 3 can be compared to measure the effect of the features based on other previously scored student responses (i.e., n-grams, and the PERP and BLEU features based on student responses). Similarly, Runs 2 and 3 can be compared to measure the combined effect of all BLEU and PERP features.
It appears that features of the other student responses improve performance for the unseen answers task. For example, the full system (Run 3) performed better than Run 1, which did not include features of other student responses, on the unseen answers task for both Beetle and SciEntsBank.
However, it is not clear whether the PERP and BLEU features improve performance. The full system (Run 3) did not always outperform Run 2, which did not include these features.
We leave to future work various additional questions, such as whether student response features or reference answer similarity features are more useful in general, and whether there are any systematic differences between human-machine and humanhuman disagreements.
Conclusion
We have presented an approach for short answer scoring that uses stacking (Wolpert, 1992) and domain adaptation (Daume III, 2007) to support the integration of various types of task-specific and general features. Evaluation results from task 7 at SemEval 2013 indicate that the system achieves relatively high levels of agreement with human scores, as compared to other systems submitted to the shared task.
